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Abstract: Grassland use intensity is a topic of growing interest worldwide, as grasslands are integral
in supporting biodiversity, food production, and regulating of the global carbon cycle. Data available
for characterizing grasslands management are largely descriptive and collected from laborious field
campaigns or questionnaires. The recent launch of the Sentinel-2 earth monitoring constellation
provides new possibilities for high temporal and spatial resolution remote sensing data covering
large areas. This study aims to evaluate the potential of a time series of Sentinel-2 data for mapping
of mowing frequency in the region of Canton Aargau, Switzerland. We tested two cloud masking
processes and three spatial mapping units (pixels, parcel polygons and shrunken parcel polygons),
and investigated how missing data influence the ability to accurately detect and map grassland
management activity. We found that more than 40% of the study area was mown before 15 June,
while the remaining part was either mown later, or was not mown at all. The highest accuracy for
detection of mowing events was achieved using additional clouds masking and size reduction of
parcels, which allowed correct detection of 77% of mowing events. Additionally, we found that
using only standard cloud masking leads to significant overestimation of mowing events, and that
the detection based on sparse time series does not fully correspond to key events in the grass
growth season.
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1. Introduction
Europe has experienced widespread change in agricultural land use [1] in the form of
both intensification and abandonment over recent decades. Due to conflicting ecological and
economic drivers, these intensification and abandonment processes often have significant impacts on
grasslands. On the one hand, the protection of extensively managed grasslands is key to maintaining
agro-biodiversity [2], and, on the other hand, their intensive management can provide a major feed
source for livestock [3].
In Europe, the area of low intensity use grasslands has been significantly reduced over the
last 30 years, mainly due to increasing demand for food production [4]. Since almost all European
grasslands are to some extent modified by human activity, these valuable habitats are considered
vulnerable. To regulate agriculture and rural development, in 2003, the European Union introduced the
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Common Agricultural Policy (CAP), which aimed to support innovation and sustainability of farming
through a system of direct payments, and to halt biodiversity loss within the EU. In Switzerland,
agriculture and grassland use has intensified since the 1950s. Implementation of the Swiss Agricultural
Policy in 1990s emphasized a multifunctional and sustainable agricultural sector, including the
mitigation of impacts of management intensification. The introduction of environmentally friendly
agricultural practice is encouraged by a direct payments system. The payments are conditional on an
appropriate proportion of a farm being designated as ecological compensation areas, the rational use
of fertilizers, crop rotation, soil protection, the economic and specific use of plant treatment products
and the implementation of animal welfare measures [5]. Low intensity, biodiversity friendly farming
generally requires little intervention, e.g., permanent grasslands can be managed with mowing only
once a year, which is sufficient to prevent regrowth of shrubs and trees. High-intensity grassland
farming systems are characterized by a higher number of mowings, greater stocking density and much
greater inputs per hectare (e.g., nutrients, agrochemicals and irrigation water) [6]. These types of
grassland systems are managed for very different values and productivities. Therefore, the monitoring
of management activities is of high importance within farming systems, to optimize grassland use
intensity for the variety of grassland values and management goals [7].
Data available for characterizing grassland management in Switzerland, as with many countries,
is largely in the form of descriptive data, e.g., farm statistics on the use of livestock and remote sensing
data. Descriptive data from field campaigns can be very informative, but their collection is labor
intensive and time consuming for large-scale coverage.
Multi-temporal satellite remote sensing has been demonstrated as a valuable method to assess
grasslands use intensity. Various types of grasslands in southern Germany and the Canton of Zurich,
Switzerland have been successfully differentiated using vegetation indices derived from a time series
of five RapidEye images [2,8]. The spectral differences between sequential images were investigated
as an indicator of intensity of agricultural activity. Using a random forest classification of a dense
irregular time series of Landsat-7 and Landsat-8 over three years, pasture management in the Brazilian
Amazon has been mapped. Annual layers of fire and tillage events were derived and summarized
over multiple years [9]. However, the low spatial resolution or site-specific characteristics of these
studies mentioned above limit transferability of their methodologies to a country-wide extent or
European areas. Sparse time series allow characterization of general trends rather than detection
of single agricultural activities. The low spatial resolution of Landsat data [9] precludes its use for
field-level application in many countries, especially those with small parcel sizes or heterogeneous
management. Incorporation of commercial imagery [2,8] substantially increases costs which can limit
research possibilities.
These limitations can be addressed with high spatial, high temporal resolution data such as
that from the recent launch of Sentinel-2 (S2) earth monitoring constellation including two satellites
launched in mid-2015 and early 2017 [10]. Together these sensors provide global coverage of the land
surface with revisit approximately every five days. With 13 spectral bands (443 nm–2190 nm) at spatial
resolutions of 10 m (four visible and near-infrared bands), 20 m (six red-edge/shortwave-infrared
bands) and 60 m (three atmospheric correction bands), S2 offers potential for mapping of land cover
and land cover change over large areas [10]. The tiled data can be downloaded free of cost from many
different repositories, where the European Space Agency (ESA) Copernicus Open Access Hub is the
core access point.
The launch of S2 is recent and the available time series are relatively short, therefore, to date little
research has covered how the S2 imagery could be utilized for land use and land cover related purposes.
Some studies have achieved satisfactory results with single-date images for crop species mapping [11],
forest canopy cover and leaf area index estimation [12], and grass species discrimination [13], showing
the importance of the red-edge and shortwave infrared (SWIR) bands. Other studies successfully
incorporated multi-temporal images for general land cover classification [14] and crops mapping [15].
To our knowledge, only two studies have specifically addressed grasslands using Sentinel-2 imagery.
Remote Sens. 2018, 10, 1221 3 of 19
Lopes et al. [16] analyzed intra-annual multispectral and normalized difference vegetation index
(NDVI) time series to predict a grasslands biodiversity index, but achieved unsatisfactory results.
However, they found that grassland management activities have a higher impact on NDVI signal than
does species composition. Griffiths and Hostert [17] succeeded in detection of mowing events using
dense intra annual time series constructed from the integrated Sentinel-2A and Landsat-8 imagery.
As the launch of the S2 constellation is recent, there remain many unanswered questions on the
performance of S2 data in land cover and land use studies. This is particularly the case for grasslands
where monitoring and understanding of dynamics is especially important for biodiversity protection.
The main goal of this study is to evaluate the potential of S2 imagery for mapping an important
dimension of grassland use intensity: mowing frequency. Specifically, the performance of the S2 time
series is investigated using a range of approaches aimed at improving classification performance.
In an additional sensitivity experiment the influence of a reduced number of images is tested to see
how missing data, which results from cloud cover, influences the ability to accurately detect and
map management activity. We intentionally aimed at a regional scale application for an entire canton
of Switzerland to be able to identify how the approach works across an area that has some spatial
variation in conditions.
2. Materials and Methods
2.1. Study Area
Switzerland is a central European country with 35.8% of its land area in agricultural usage,
including 12.4% alpine agricultural areas. Grasslands constitute 70.3% of the agricultural area
(UAA) [18]. However, the frequency of grassland mowing and the spatial distribution of different
grassland and pasture management types across the country are not well known. Our study area is
Canton Aargau (1403 km2), located within the Swiss Plateau (Figure 1), an undulating region with
elevation ranging from 300 to 800 m a.s.l., and slopes reaching 55◦. Almost 50% of the Canton is under
agricultural land use. With some of the most fertile farmland in Switzerland, relatively large areas
are managed intensively. The average farm size is 20.8 ha. More than half of the agricultural area
is meadows or pastures (53%), and most of the rest is cropland (with main cultivation being maize,
wheat, barley, potatoes, sugar beets, and rape) (Swiss Statistics, www.bfs.admin.ch). On the most
intensively used grasslands, the first mowing event generally takes place in April, while on extensive
grasslands the date of first mowing is later and depends largely on whether the land qualifies for direct
payments [5]. Fields that are subject to subsidies cannot be mown in this region earlier than 15 June,
and often the grass is cut just after this date.
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2.2. Data
We downloaded S2 Level-1C images, tile identifier 32 TMT, captured between 1 March 2017 and
1 November 2017, with ESA-reported cloud cover less than 95% per tile. The Level-1C product contains
a projected and ortho-rectified image expressed in Top Of Atmosphere (TOA) reflectance, as well as
a cloud mask processed with data sampled at 60 m spatial resolution and resampled to 10 m and
20 m [10,19]. The downloaded dataset included 50 images distributed irregularly over the investigated
period (Figure 2).
Remote Sens. 2018, 10, x FOR PEER REVIEW  4 of 19 
 
as well as a cloud ma k processed with data s mpled at 60 m spatial resolution and resampled to 10 
m and 20 m [10,19]. The download d datas t included 50 images d stributed irregularly over th  
investigated p riod (Figure 2). 
 
Figure 2. Temporal availability of the Sentinel-2 time series data used in this study. Colors indicate 
cloud coverage per tile. 
Auxiliary data included: (i) Land cover vector layers from the Swiss Federal Office of 
Topography’s (swisstopo) Topographic Landscape Model Model (TLM) and the Swiss national 
vector map 1:25,000 (VECTOR25). This dataset details forest, water, wetlands, rocks, and glacier 
coverage, updated within 2010–2016 (TLM Landcover), and built-up area, updated during 1987–2006 
(VECTOR25 Primary surfaces). (ii) A vector layer with parcel boundaries and information on 
agricultural land use in 2017, sourced from land holders via the cantonal authority. The grassland 
categories included three subcategories, namely Artificial Meadows (fields in crop rotation, currently 
used for grass production), Permanent Meadows, and Permanent Pastures, divided into specific 
grassland types (Table S1). Parcel polygons that were not larger than 1000 m2 (10 pixels) were initially 
eliminated as potentially error-prone due to being covered mostly by mixed use pixels. The 
remaining parcels were then shrunk by 10 m to avoid mixed pixels at parcel edges, referred to as 
edge effect. The datasets included 71,252 non-shrunken and 62,420 shrunken parcels, referred to as 
parcels and shrunken parcels, respectively. 
2.3. Methods 
This study aims to investigate the potential of S2 imagery for mapping mowing frequency and 
develop an optimized processing approach for this purpose. The temporal phenological profiles of 
various agricultural land use types were constructed and analyzed using the NDVI which is 
generated from red and near-infrared spectral bands at 10 m spatial resolution. NDVI is one of the 
most widely used vegetation indices in vegetation-related studies [20,21], mainly because it is 
effective in limiting spectral noise arising from topography, cloud shadows and illumination 
conditions [22]. 
In general, gentle periodic NDVI increases and decreases over a season reflect the natural growth 
and decay of vegetation, while abrupt drops of the index indicate agricultural activities such as grass 
mowing, fertilization or crop harvesting. Our aim was to detect and count sudden drops of NDVI on 
grasslands that are related to mowing events. The proposed strategy involved four basic steps: (i) 
data preprocessing and land use/land cover classification into “grass” and “non-grass”; (ii) ground 
truth data derivation; (iii) mowing detection for grasslands management mapping; and (iv) 
validation/evaluation, for assessing accuracy of mowing events detection, and comparison of the 
results derived from various different analysis approaches. Step iv was repeated for two different 
cloud masking approaches and three different spatial mapping units, namely pixels, parcel polygons 
and shrunken parcel polygons (Figure 3). 
Figure 2. Temporal availability of the Sentinel-2 time series data used in this study. Colors indicate
cloud coverage per tile.
Auxiliary data included: (i) Land cover vector layers from the Swiss Federal Office of
Topography’s (s isst ) Topographic Landscape Model Model (TLM) and the Swiss national vector
map 1:25,000 (VECTOR25). This dataset details forest, water, wetlands, rocks, and glacier coverage,
updated within 2010–2016 (TLM Landcover), and built-up area, updated during 1987–2006 (VECTOR25
Primary surfaces). (ii) A vector layer with parcel boundaries and information on agricultural land
use in 2017, sourced from land holders via the cant nal authority. The grassland categories included
three subcategories, namely Artificial Meadows (fields in cr p rotation, currently used for grass
production), Permanent Meadows, a d Permanent Pastures, divided into specific grassland types
(Table S1). Parcel polygons that were not larger than 1000 m2 (10 pixels) were initially elimi ated as
pote tially error-prone due to being covered mostly by mixed use pixels. The remaining arcels were
then shrunk by 10 m to avoid mixed pixels at parcel edges, referred to as edge effect. The atasets
included 71,252 non-shrunken and 62,420 shrunken parcels, referred to as arcels and shrunken
parcels, respectively.
2.3. Methods
This study aims to investigate the potential of S2 imagery for mapping mowing frequency and
develop an optimized proce sing a proach for this purpose. The temporal phenological profiles of
various land use types were construc ed an analyzed using the NDVI which is generated
from r and near-infrared spectral bands at 10 m spatial resolution. NDVI is one of the most widely
used veg tation indices in vegetation-related studies [20,21], mainly because it is effective in limiting
spectral noise arising from topography, cloud shadows and illumination conditions [22].
In general, gentle periodic NDVI increases and decreases over a season reflect the natural growth
and decay of vegetation, while abrupt drops of the ind x indicat agricultural activities such as
grass mowing, fertilization or c o ha ve ting. Our aim was to detect and count sudden drops of
NDVI on grasslands that are related to mowing events. The proposed strategy inv lved four basic
steps: (i) data p processing and land use/land cover classific ion to “grass” and “non-grass”;
(ii) ground truth data derivation; (iii) mowing detectio for gra sl s management mapping;
and (iv) validation/evaluation, for assessing accuracy of mowing eve ts det ction, nd comparison of
the results derived from v riou different nalysis approaches. Step iv was repeated for tw dif erent
cloud masking approaches and th e different spatial mapping units, nam ly pixels, parcel polygons
and shrunken parcel polygons (Figure 3).
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2.3.1. Data Preprocessing and Grassland Identification
We used S2 Level-1C imagery, with no additional atmospheric and geometric corrections applied.
Preprocessing of the S2 imagery included several steps. First, NDVI was calculated. Second, the data
were clipped to the boundary of Canton Aargau enlarged by a 50 m buffer. Third, forest and built-up
areas were masked using the topographic vector data. Fourth, the ESA opaque and cirrus cloud masks
were applied. Fifth, a raster stack was constructed of all available NDVI images. This raw raster stack,
referred to as standard TS, had a maximum of 46 observations per pixel. It is worth noting that, due to
the S2 image acquisition strip edge, the eastern side of the study area had a denser time series than the
eastern part.
Despite the ESA declarations [23], many remaining clouds were observed after cloud mask
application, as well as snow, which could significantly influence the analysis. Thus, an additional
masking was applied to remove these artifacts using the Fmask algorithm [24], and a blue band-based
mask. The blue band-based masking approach was built upon the findings of Breon and Colzy (1999)
and Hagolle et al. (2015) [25,26], who reported high cloud and snow reflectance in the blue spectrum
(the same is true for some buildings and artificial surfaces, but these were already removed in the
previous land use masking step), higher for low and opaque clouds than for high and thin clouds.
We performed many tests using blue (S2 band 2) channel thresholding to find an optimal break value to
mask as much cloud and snow as possible, but not influence bright surfaces. The tests were performed
in Google Earth Engine for efficiency reasons. Based on visual assessment, we found the dimensionless
(dl) reflectance threshold value of 1500 in band 2 suitable for masking as not only opaque clouds,
but also most thin clouds were removed. Then, the blue band-based mask was produced in few simple
steps: blue band (S2 band 2) thresholding at 1500 dl pixel values, buffering by 5 pixels to include haze
at the borders of clouds, and masking holes smaller than 100 pixels. This additional masking resulted
in an optimized time series, with maximum of 37 observations per pixel over the length of the time
series (Figure 4).
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were excluded from the analysis. The eastern part of the study area is covered by much denser time
series, due to overlap between Sentinel-2 stripes.
Pixel-based land cover classification was performed to distinguish grassland parcels and parcels
of other land uses that were excluded from further analysis. We did not use the cantonal agricultural
land use data in this step as it is not available for many other regions, and transferability of the
method is of high importance. The classification was conducted independently for the standard and
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optimized TS. For detection of grassland areas, we first applied a linear imputation of missing values
for irregular time series (R package zoo and na.locf function) for the spatial location of each pixel.
Then, we performed k-means clustering of the pixel time series with 12 clusters and 50 different
random starting assignments. The optimal number of clusters was found using the elbow method,
which considers the percentage of variance explained as a function of the number of clusters: a final
number of clusters is found when adding another cluster does not significantly increase the variance
explained [27]. To reduce the salt and pepper effect on the resulting cluster map, we applied a focal
majority filter with a 3 × 3 pixel window size. Differentiation of grass and non-grass clusters was
aided by careful visual inspection against the orthophoto map and visual comparison of the NDVI
profiles of clusters and the agricultural land use data. Non-grass pixels were then masked out from
the respective NDVI time series. The data were then aggregated to the parcel level, whereby parcels
containing more than 50% grass pixels were considered grasslands. We characterized correspondence
between grass/non-grass classification and the ground data using a confusion matrix [28] (Table S2).
2.3.2. Training and Validation Data
The training and validation data were necessary for mowing events detection methodology
development (Section 2.3.3) and accuracy assessment (Section 2.3.4). The samples were derived
manually as reference data including exact mowing dates for particular parcels were not available
(not collected by Canton Aargau). We subset the available image times series into areas with the
highest number of available observations (min = 30) and manually identified grassland parcels of
homogeneous land use within these areas using red, green and blue (RGB) image composites assisted
by knowledge of the general patterns of grassland management in the study area. We randomly
sampled 70 grassland parcels and generated the NDVI profiles over the season. Based on the RGB
composites and NDVI profiles we manually derived mowing frequency and dates. The dataset was
split into training and validation samples of 20 and 50 parcels, respectively. Within the validation set
we observed 125 mowing events between 20 April and 7 October 2017.
2.3.3. Grass Mowing Index
To develop a rule set for detection of mowing events, we first determined the general observed
NDVI profiles for grasslands in Canton Aargau using the training sample. Grasslands in Canton
Aargau were found to have relatively high NDVI values at the beginning of March, increasing gently
until the first mowing. NDVI of bare ground did not exceed 0.3, while for high grass NDVI values
were typically larger than 0.65. Following mowing NDVI dropped by at least 0.2, and recovered half
of the drop within 8–10 days. If grass was mown, but not removed before the next image acquisition,
the NDVI was observed to still be relatively high (drop of 0.05–0.10). Then, the next image acquired
after the grass removal showed NDVI values typical for mown grassland (drop of at least 0.2 compared
to the before-mowing values).
Based on these observations we developed a ruleset for mowing event detection. We defined a
valid observation as a clear Sentinel-2 observation (pixel or parcel based) at a given acquisition date
(AD). Observation gaps were not filled. For each AD, we extracted the following values:
• NDVI value.
• NDVI difference between AD and proceeding clear observation AD-1.
• NDVI difference between AD and the second-to-last clear observation AD-2.
• Day of the year of the AD.
• Number of days between AD and proceeding clear observation AD-1.
• Number of days between AD and the second-to-last clear observation AD-2.
To identify the number and dates of mowing events, we searched for NDVI drops of more than
0.2: (i) between consecutive clear observations; and (ii) between the current and the second-to-last clear
observations. We checked for and excluded overlapping events (mowing events indicated by both
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conditions at the same date or at subsequent dates), prioritizing mowing detected by the first condition.
Mowing events were assigned to the AD that was the first observation after the management event
(Figure 5). We produced maps of number of detected mowings and day of the year of the first mowing.Remote Sens. 2018, 10, x FOR PEER REVIEW  8 f 19 
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Figure 5. Graph showing illustrative profiles and mowings. The black dots represent available imagery.
Mowing date is indicated as AD, however the exact event date is between AD-1 and AD. If mowings
were detected in subsequent dates, only the first was considered.
To summarize mowing frequency and schedule, we developed the grasslands mowing index
(GMI), considering the Swiss regulations on the date of first mowing. First, grasslands mown 0, 1, 2–3 or
>3 times were classified as not mown, low, medium and high mowing frequency, respectively. Second,
the mown grasslands with first mowing event before or after 15 June were classified as early and
late, respectively. Late mown grasslands are regarded as more extensively used than early mown [5].
We ranked the seven categories by ascending use intensity: not mown, low-late, medium-late, high-late,
low-early, medium-early, and high-early. Areas of non-grass use were assigned NA. We checked how
the GMI corresponded to observed agricultural land use and if this and mowing frequency were
related to parcel size, tree fraction, mean elevation and mean slope. The tree fraction was calculated
based on the vegetation height model from the Swiss National Forest Inventory [29], as the proportion
of parcel area covered by vegetation higher than 3 m. Mean elevation and mean slope were calculated
using the digital elevation model at scale 1:25,000 (DEM25) [30].
To investigate the potential of S2 for the detection of grass mowing, three spatial mapping units
were tested: grassland pixels, grassland parcels and shrunken grassland parcels. The observations
were NDVI values for pixels, and median NDVI for parcels. Considering the standard and optimized
time series (various levels of clouds masking), and the three mapping units, we undertook the
following experiments: (i) optimized-pixel; (ii) optimized-parcel; (iii) optimized-shrunken-parcel;
(iv) standard-shrunken-parcel; and (v) iteratively reduced optimized-shrunken-parcel (based on
reduction of input imagery). Optimized-pixel results were then aggregated to parcel and shrunken
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parcel to enable comparison between various approaches. Case (v) artificially simulated missing
images to investigate the implications of missing imagery (for example due to cloud cover) for the
mowing detection results. We set initial conditions as parcels with at least 30 available NDVI images
and an area larger than 1000 m2. This resulted in a sample of 1345 shrunken parcels. In each of
15 iterations, three randomly chosen images were removed until only five images remained (Figure 6).
For the standard TS, we analyzed only shrunken parcels to eliminate edge effect, that is mixed pixels
at parcel edges, and focus exclusively on the influence of clouds.
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2.3.4. Accuracy Assessment
We performed a two-stage accuracy assessment. First, we used the manually derived validation
dataset to evaluate the accuracy of mowing event detection for each of Experiments (1)–(4) in terms of
correlation (r) and significance value (p-value) supported by root mean square error (RMSE). Results
from the pixel-based analysis (Experiment (1)) were aggregated to parcels and shrunken parcels using
a majority rule. Second, the results with the highest correlation and lowest p-value, and confirmed by
low RMSE, were treated as a reference for comparison with the number of mowings and date of first
mowing obtained from the remaining experiments. The relative accuracy was assessed in terms of
overall accuracy, producer’s accuracy, and user’s accuracy metrics [28] using the datasets containing all
parcels. Within Experiment (5), the results of each iteration were compared to the reference experiment
results with respect to the number of detected mowings and the number of mowings detected at the
same date.
We checked if differences in number of mowings between the reference experiment and all the
other experiments were correlated with parcel characteristics such as parcel size, tree fraction, mean
elevation and mean slope.
3. Results
3.1. Data Preproce sing
Differentiation of gra s and non-gra s pixels was based on interpretation of the phenological
profiles of clusters. The profiles based on the optimized TS are sm other than profiles based on
standard TS (Figure S1), but th gener l patterns correspond well to each other. In general, four
ty es of profiles can be distinguished: (i) flat profiles where low values of NDVI r present buildi gs
and artificial surfaces; (ii) inusoidal profiles including both very low and very high values of NDVI
representing various crop types; (iii) gentle profiles rising at the begi ning and descending a the end
of the growing season but with NDVI remaining slightly above 0.5 representing single tr es, groups
of tr es, and tr e lines; and (iv) gra sland represented by gently fluctuating profiles of values rarely
below 0.5 but higher than i i ti of profiles was confirmed by comparison to
NDVI profiles of ref r nce land use categories using a pixel-based cross tabulation (Figure S2).
Comparing the profile categories to the re ults of the k-means clustering, we selected two
grass clusters for the stand rd TS, and two clusters for the optimized TS, which indicated grass
areas of 223.65 km2 and 247.15 km2, respectively. The area of parcel classified as grasslands
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equaled to 236.49 km2, 230.06 km2, and 207.16 km2, for classifications of optimized-shrunken-parcel,
optimized-parcel and standard-shrunken-parcel, respectively. The number of grassland parcels
exceeded 20,000 for each of the classifications, and 19,125 of them were classified as grasslands
in all cases.
In comparison to the reference data, all the classifications based on the optimized TS performed
better than those based on standard TS (Table S2). The highest overall accuracy was achieved through
the pixel-based analysis (79.7%) constrained to shrunken parcels (Table 1).
Table 1. Land use classification accuracy for pixels only within the reference data.
optimized-pixel (OPx); standard-pixel (SPx); optimized-parcel (OP); optimized-shrunken-parcel (OSP);
standard-shrunken-parcel (SSP).
OPx SPx OP OSP SSP
User’s accuracy—grass 91.2 92.1 91.7 94.6 95.3
User’s accuracy-non—grass 72.7 69.3 59.7 59.5 56.3
Producer’s accuracy—grass 66.8 60.3 59.0 57.3 50.7
Producer’s accuracy—non-grass 93.2 94.5 91.9 95.0 96.2
Overall accuracy 79.7 76.9 72.1 72.3 68.8
3.2. Grass Mowing Index
The results based on the optimized TS were consistent with one another, while, in comparison,
the standard TS significantly overestimated number of mowings (Table S3 and Figures 7–9).
According to the optimized TS, 22.8–27.0% of grassland parcels area were not mown at all, 42.8–46.3%
were mown early, and 27.8–32.7% were mown late, but the numbers of parcels mown early and late
were equal. Larger parcels were mown early more frequently than small parcels. The standard TS
identified 0.5% of parcels not mown, and almost 75% mown early. The optimized and standard TS
showed, respectively, up to seven and eleven mowings per season, and the most frequent number of
mowings equal to one and four or more. In both cases, fields of higher mowing frequency were rare.
The classification of grassland area into the categories of the grasslands mowing index are similar
across all the analyses based on the optimized TS (Figure 9 and Table S4). The highest GMI values were
for artificial meadows, which were mown many times in the season, with the first cut taking place
before 15 June. Extensively used pastures and other pastures have the lowest GMI values, as they were
mown rarely and late in most cases. Extensively and less intensively used meadows were both mown
late, but the former were mown fewer times. The largest variety of management was observed on
permanent meadows, from no to many mowings, with the first mowing either early or late. The results
for the GMI were substantially different for the standard TS analysis. All but one of the grassland
categories were assigned the GMI category high-early, only extensively used pastures were mainly
labeled as medium-late (Table S4).
According to parcel characteristics (Figure 10, Table 2), artificial meadows were located on the
largest and mostly flat parcels with lowest tree fraction. Permanent meadows and pastures at the
borders of farms were of medium size, on low to moderate slopes and with higher tree fraction.
Extensively and less intensively used meadows both occupied the smallest parcels with moderate
slopes and tree fraction. Extensively used pastures were located on medium size, steep parcels with
the highest tree fraction. We found moderate negative correlation between mowing frequency and tree
fraction (−0.24) and slope (−0.20), and weak positive correlations with parcel size (0.13) and elevation
(0.06), all significant.
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Table 2. Parcel characteristics of the agricultural land use types. The marginal land use types were not
included. OP, other pastures (pastures at farm borders).
Parcel Characteristics—Mean Values
Agricultural Land Use Type Area (ha) Tree Fraction (%) Elevation (m) Slope (deg)
AM 1.20 1.6 491.9 5.6
EUM 0.47 10.5 474.2 9.0
LIUM 0.47 11.5 489.4 9.7
PM 0.85 8.5 492.5 8.6
EUP 0.73 16.5 484.5 14.0
OP 1.02 10.8 488.8 9.4
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Figure 8. Representative sub-region in the South of Canton Aargau, based on various spatial
mapping units, and standard and optimized time series: (a) illustrative sub-region location in Canton
Aa gau; (b) rtho h to map of the sub-region; (c) Experiment 1a, optimized-pixel; (d) Experiment
1b, optim z d-pixel—aggregated to parcels; (e) Experimen 1c, optimized-pixel—aggregated to
shrunken parcels; (f) Experiment 2, o timized-parcel; (g) Experiment 3, optimized-shrunken-parcel;
and (h) Experiment 4, standard-shrunken-parcel.
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Figure 10. Percentage of study area in each category of the grasslands mowing index for the reference
experiment (optimized-shrunken-parcel) within selected agricultural land use types. The marginal
agricultural land use types were not included. artificial meadows (AM); extensively used meadows
(EUM); less intensively used meadows (LIUM); permanent meadows (PM); extensively used pastures
(EUP); OP, other pastures (pastures at farm borders).
3.3. Accuracy Assessment
The accuracy assessment (using 125 observations of the validation dataset) indicated that
the highest correlation coefficient (0.723), the lowest p-value (0.30 × 10−8), the second lowest
RMSE (1.058), and correct detection of high number of mowing events was associated with the
optimized-shrunken-parcel approach (Table 3). The optimized-pixel aggregated to shrunken parcel
approach showed slightly worse correlation and p-value (0.718 and 0.45 × 10−8, respectively) and the
lowest RMSE (1.039). All the results based on the optimized TS showed a strong positive relationship
with the validation dataset, but the relationship was more significant for shrunken-parcel-based than
parcel-based approaches. The lowest correlation, and highest p-value and RMSE were obtained using
the standard-shrunken-parcel approach. Although this approach had the highest number of correctly
detected mowing events, it also falsely identified a very high number of mowing events. Visual
inspection of the results revealed overestimation of mowing events for optimized and standard time
series was likely due to fertilization events or remaining clouds, respectively, which can cause a similar
drop in NDVI as mowing.
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Table 3. Accuracy assessment of analyzed strategies: various spatial mapping units and cloud masking
levels, number of correctly detected, and omitted and committed mowing events. r, correlation
coefficient; p, significance, Optimized-parcel (OP).
Number of Mowing Events Mean Difference of
Number of Mowing
Events from OSP
Overall Accuracy
(in Relation
to OSP)r p-Value RMSE
Detected
Correctly Omitted Committed
OSP 0.723 0.30 × 10−8 1.058 96 29 9 - -
OP 0.705 1.11 × 10−8 1.158 88 37 6 0.1 80.2
OPxP 0.702 1.39 × 10−8 1.039 87 38 4 0.3 68.7
OPxSP 0.718 0.45 × 10−8 1.149 97 28 8 0.1 74.7
SSP 0.416 2.64 × 10−3 2.371 116 9 86 −2.8 4.5
Relative accuracy was used to evaluate the entire dataset against the reference experiment
(optimized-shrunken-parcel). The greatest similarity to the reference results was found with the
optimized-parcel approach with user’s and producer’s accuracies higher than 73% (Table S4).
Investigation of NDVI profiles for individual parcels confirmed high similarity between the
optimized-shrunken-parcels and optimized-parcels, and large discrepancies between those
and standard-shrunken-parcels.
In most cases, correlations between differences in numbers of detected mowing events and
parcel area, tree fraction, mean elevation and mean slope were very weak but significant (Table S5).
Optimized-pixels aggregated to parcels were not correlated with mean elevation, and optimized-pixels
aggregated to shrunken parcels showed no correlation to parcel area. All other variables showed
very weak but significant correlations to differences in numbers of detected mowing events. The only
positive correlations were for differences between Experiment (3) and Experiment (2) results and tree
fraction, mean elevation and mean slope.
3.4. Imagery Reduction
The overall tendency was that with decreasing number of input images, fewer mowing events are
detected, or they are detected at different dates. Parcels with high frequency of mowing were more
sensitive to image removal than those with low frequency of mowing (Figure 11). A significant shift in
number of mowing events detected at the same date was observed after removal of 15 images of the
total of 50 images, and after removal of 18 images there was less than 25% matches (Figures S3 and S4).
This also holds for the one-time mowing events that are little affected by the reduction of images.
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4. Discussion
This study investigated the performance of S2 time series for detection of grass mowing events.
The data were shown to be effective in detecting spatial differences in grass mowing over large areas.
Various GMI values show that, while on some plots farmers make intensive use of their land, in other
parts of the study region grassland is managed less intensively in ways that can be considered to be
maintaining biodiversity (Table 3). When using occurrence and date of first mowing as an indicator
of grasslands use intensity, as did Franke et al. and Gomez et al. [2,8], we learn that slightly more
grasslands are used extensively than intensively, inclusive of not mown land. Quite a high proportion
of the unmown parcels may be fields used as grazing pastures, as grazing causes only subtle NDVI
changes. Grassland use intensity is to some extent regulated by environmental conditions (Table 3).
Large, flat and non-wooded plots of land are favorable to machinery operations and distribution of
fertilizers. They are easily accessible and more efficient to manage than fragmented, steep or overgrown
parcels. Thus, they are often used more intensively, especially for hay and fodder production or are
a part of crop rotation areas subject to a regular application of nutrients. On the other hand, the less
accessible parcels promote biodiversity through reduction of environmental impacts on meadows
or pastures.
We managed to discriminate between various frequencies and dates of mowing. As expected,
clouds and mixed pixels decreased the accuracy of mowing detection. The most accurate results
were obtained for optimized-shrunken-parcel analysis, where the influence of the two constraints
was reduced (Table 3). Validation showed that we correctly detected 96 out of 125 (77%) mowing
events, but we also detected nine mowing events that did not occur. These falsely detected events
can largely be explained by field fertilization, which is another important indicator of grassland use
intensity. Analysis based on various spatial mapping units: pixels, parcels and shrunken parcels,
produced similar results. The results also suggested a smoothing effect of field edges, possibly due
to neighboring land uses of more constant or lower NDVI, e.g., trees or artificial surfaces. However,
the edge effect was not very clear, which may be due to most non-grass-covered areas being eliminated
prior to mowing detection. While clustering allowed removal of non-grass pixels (e.g., trees) from the
inside and the edges of parcels and single pixels with erroneous spectral reflectance, parcel shrinking
removed only remaining edge pixels that were mostly grass, and thus did not cause much change to
the results.
Using either parcels or shrunken-parcels as spatial units for mowing detection was difficult when
different management practices occurred on a single parcel (e.g., temporal fallow plot on a part of
the actively used parcel), were partly shaded by forest and trees or included terrain shadows not
corrected in the imagery. A possible method to overcome this issue is an object-based approach [31]
which segments an area into spectrally homogeneous and spatially related units with limited influence
of noisy pixels. This approach can be used to detect patches of different phenology within existing
parcels or within the entire area if parcel boundaries are not available [32]. However, in the case of high
variation in field size within the study area, a particular scale parameter that is suitable in one place can
lead to over- or under-segmentation in another location [15]. Therefore, as Canton Aargau contained
parcels of area ranging from 0.1 ha to 30 ha, we decided to perform a pixel-based classification.
We found careful cloud masking critical for correct identification of grassland mowing events
for two reasons. First, the single-date cloudy observations cause a sudden drop of NDVI that can be
easily confused with mowing events and lead to overestimation of their number. Second, long cloudy
periods preclude detection of rapid and irregular events, such as grass mowing. This occurs because
in favorable conditions (humidity, temperature) grass can regrow rapidly, with NDVI returning to
pre-mowing levels within a week. Thus, even weekly cloudy periods may preclude detection of some
mowing events. Our imagery reduction experiment confirmed that more frequent observations result
in better coincidence with key events in the grass growth season and detection of single agricultural
activities, and not only characterization of general trends in grasslands use intensity [2,8].
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Obtaining a dense cloud free time series is thus the biggest challenge for detection of grass
mowing, and is very location dependent [33]. In the Swiss Plateau, the climatic conditions limit the
number of cloud-free days as this is the least sunny region in Switzerland with an average of more
than ten rainy days per month. Only 50 of 67 available images captured between 1 March 2017 and
1 November 2017 for Canton Aargau had ESA defined cloud cover less than 95%, with an average
of 31%. In most cases, the real cloud cover was higher, so the number of usable (cloud-free) scenes
was much lower. We found that neither the ESA cloud mask nor Fmask could handle both dense and
cirrus clouds. Thus, we applied a blue band-based algorithm that allowed removal of most clouds.
This method had advantages over other existing solutions. It did not lead to over-reduction of available
clear observations, which is often the case with generation of cloud free, seasonally and radiometrically
consistent periodic mosaics [17,33,34]. The blue band method was also less time-consuming than some
ready-to-use algorithms [26,35]. The method may also remove bare soil or buildings, however this
would not affect the results of grass mowing detection. Recent improvements to the S2 Fmask [36] may
mean improved cloud detection and less need for the blue band approach, but this implementation
was not available to us at the time of our research.
A very good user’s accuracy for grass classification ensured that other land use types were not
included in the grass class and that the mowing event analysis dataset was almost entirely grass
pixels. The relatively low producer’s accuracy can partially be explained in that the reference data
described land use information, while the pixel-based classifications were for land cover. In particular,
the differences might have arisen from the fact that some reference parcels: (i) were divided into
smaller pieces of land each with different management; (ii) included other land cover elements such as
trees; (iii) were partly shadowed by forest and trees; and (iv) were adjacent to roads causing mixed
pixels. Much omission error could be caused by clusters containing trees, shadows and artificial
surfaces being classified as non-grass, even if they overlapped the reference grasslands. Analogically,
grass patches may occur on areas of another land use category, e.g., orchards, which would increase
the commission error. Investigation of only grass pixels allowed limiting the edge effect in the case of
parcel-based analysis. Therefore, we assume that the low producer’s accuracy of grass class had only a
marginal impact on the mowing event detection results of our study.
We found the NDVI time series based method developed here powerful for mapping grass
mowing frequency over various areas for two reasons. First, it is not conditional upon the availability
of reference data, which is often missing, contrary to widely used machine learning strategies,
which require training data. Understanding seasonal and phenological aspects of management
practices in the study area was sufficient to allow discrimination between grass and non-grass clusters
and, together with careful investigation of satellite imagery, allowed for development of a rule set
for mowing event detection. Second, the method we developed can easily be transferred to different
landscape types and management systems. There are two steps that require a discretionary decision:
selection of grass clusters during land use classification, and setting a NDVI drop threshold to indicate
a mowing event. Reference data can aid in determining land use types and their phenological profiles,
especially for detailed crop species mapping, but is not necessary if the main goal is to distinguish
between just two categories, namely grass and non-grass. In most European countries, the bare ground
period (e.g., very low NDVI) is sufficient to eliminate non-grass areas [37]. While records including
dates of grass mowing for a set of parcels would be helpful, guiding information can be successfully
derived through visual interpretation of imagery.
This study is a proof of concept for using Sentinel-2 for grassland management mapping.
A limitation of the approach is the sensor spatial resolution, which may be too coarse for imaging
fragmented or long and narrow fields typical for rural landscapes in many mountainous areas [38,39],
or unsuitable when a high level of detail is necessary to inform decisions at small spatial scales. In such
cases, alternative sources, such as unmanned aerial vehicles could be used.
Continued acquisition of S2 in the coming years will allow construction of longer time series
useful for detection of crop rotation areas and changes in land management. That information should
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improve classification of land use intensity, especially differentiation between permanent and temporal
grasslands, and detection of land use shifts and transitions, e.g., land abandonment areas.
5. Conclusions
This study illustrated that S2 time series have potential for regional scale mapping of mowing
frequency. However, frequent images and careful cloud masking are required. Additional cloud
masking and elimination of mixed pixels allowed identification of 77% of mowing events,
while standard cloud masking led to considerable overestimation of mowing events. Denser time
series increased the likelihood of detection of rapid events, especially in the case of intensively used
grasslands with a high number of mowings, and had higher coincidence with key events in the grass
growth season. The findings are important because they show that detection of individual grass
mowing events is possible with Sentinel-2 imagery [17], and that grassland management mapping is
not limited by using only cloudless images so long as they are carefully selected and acquired in crucial
moments of the growing season [2,8]. Moreover, the applied methodology is not conditional upon
the availability of reference data, which is particularly important in areas with limited ancillary data.
The method also requires few discretionary decisions, and can be easily applied to different landscape
types and management systems. In the future, longer S2 time series would enable discrimination
between permanent and temporary grasslands by investigation of multi-seasonal management regimes
in particular fields. Overall, the straightforward methodology can easily be applied to grassland
management mapping in various areas, and therefore can contribute to the optimization of land use
intensity and the encouragement of biodiversity friendly farming.
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